Tuyere core drillings give a unique opportunity to probe the blast furnace and detect changes in both physical and chemical conditions of its high-temperature region. In this paper the findings from drill cores taken from a blast furnace are used to characterize the internal state of the furnace hearth, quantified by an erosion model estimating the available hearth volume. The complex relation is studied by entertaining neural network models using different combinations of inputs consisting of the extent of the distinct tuyerelevel zones (raceway, bird's nest, dead man, etc.) of the core samples. The resulting model can be used to gain knowledge of the relation between tuyere level conditions and hearth states, and to classify the findings from future core drillings. The results also throw light on possible reasons for thermal cycles observed in the hearth of the furnace studied.
Introduction
The lower part of the ironmaking blast furnace is a very inaccessible region due to the hostile environment that prevails below the melting line: The presence of molten phases of high temperature, combined with high pressure and the abrasion caused by the descending phases (iron, slag, and coke) and the raceway gases make on-line measurements practically impossible. General information about the structure of the lower part of the process has been gained from dissections of quenched furnaces, 1) but during the operation of the furnace the state has to be estimated on the basis of indirect measurements, such as wall temperatures 2) and interpretations of measured inputs (e.g., blast parameters 3) ) and outputs (e.g., hot metal temperature and composition 4) ). However, at the tuyeres there are possibilities to withdraw samples of the bed, and such core drillings [5] [6] [7] have yielded interesting information about the raceway and dead-man conditions in operating blast furnaces. Willmers 5) compared sampled coke with the feed coke and studied the effect of coal injection on the length of the different zones in the sample. Chung and Hur 6) studied the effect of pulverized coal injection on the coke properties at the tuyere level. Gornostayev, Kerkkonen and Härkki 7) reported both structural and chemical changes in the mineral phases of the tuyere coke. A problem is still that the core drillings are expensive and require a stoppage of the furnace, and the analysis of the samples is laborious. Therefore, it is usually not possible to collect data frequently, so the information is often interpreted rather qualitatively.
In the present paper an attempt is made to quantify the findings from core drillings by correlating them with the results of a model that estimates the internal profile of the lower part of the hearth of the furnace. 8) The analysis is partly motivated by cyclic changes observed in the hearth lining temperatures of the furnace studied, which seem to indicate that the radial distribution of the liquids in the dead man is disturbed, possibly as a result of permeability changes in the coke bed. On the basis of drilling core information, the quantification is realized by developing a blackbox model for the hearth state index, expressing the state in which the dead man is. Due to the nonlinearity of the relations, neural networks are used as modeling tools. The small data set available makes it important to find a minimal set of inputs to the network. The model developed demonstrates how the results from the core drillings can contribute to an over-all assessment of the state of the furnace hearth.
The Measurements
This section describes the core drillings and the estimation of the inner profile of the hearth, as well as the quantification of this information.
Tuyere Drillings
In order to throw light on the state of the materials in the lower part of the blast furnace, coke raking through tuyeres opened at a stoppage has been practiced during several decades. However, this kind of sampling only provides information about the state of the bosh coke, and not about the conditions in the internal parts of the furnace. As an al- ternative, tuyere core drillings have been used at many plants since the 1990's [5] [6] [7] : A steel pipe is drilled into the furnace through an opened tuyere at a stoppage, and the pipe with its core filled with the bed is withdrawn, quenched and opened for analysis. Typically, the length of the distinct regions, the particle size of the coke, the metallurgical and mineralogical state of the materials and the presence of iron and slag in the sample are analyzed.
Tuyere drillings are performed regularly at Rautaruukki's two blast furnaces during shorter stoppages.
9) The sample tubes are 5.5 m long and the withdrawn core has a diameter of 205 mm; typically, the core length is shorter than the maximum drill penetration, l max , into the bed due to compression of the core. The drill penetration, in turn, depends on the physical state of the dead man. After drilling, the core samples are analyzed physically and chemically. In the present work, the modeling effort is focused on the lengths of the different sections identified in the drill core (cf. Fig.  1 ). Based on the characteristics of the sampled coke and iron, the core is divided in to six regions (with the corresponding number given in parentheses): (1) bosh, (2) flame, (3) raceway, (4) bird's nest, (5) iron agglomerate, and (6) dead man, and their lengths l i (iϭ1...6) are recorded. The difference between the maximum penetration of the drill and the total core length, l c ϭ∑ 6 iϭ1 l i represents the total compression of the sample, Dlϭl max Ϫl c . These lengths from twenty two drill core samples from one of the Rautaruukki furnaces were used for modeling (cf. Table 1 ). Figure 2 shows a photograph of a core with the different regions indicated.
Lining Temperatures and Heath Volume
The internal state of the furnace hearth can be assessed on the basis of refractory temperatures measured by thermocouples in the hearth bottom and sidewall lining. These temperature measurements can be used to estimate the remaining thickness of the lining and also formation of buildup material (skull) on the hot face of the refractory. This inverse heat transfer problem 10) should be solved in (at least) two dimensions to obtain a reasonable estimate of the inner profile of the hearth. Several two-dimensional hearth erosion models have been described in the literature. [11] [12] [13] [14] [15] The model used in the work reported in this paper 8) applies a two-dimensional problem formulation, interpolating a three-dimensional profile of the hearth from several two-dimensional profiles. The results of the estimation can be illustrated in many ways, e.g., in terms of cross sectional views (cf. Fig. 3 ) or the time evolution of the internal hearth volume in the region below the taphole (considered by the model).
Throughout its present campaign, the hearth bottom and sidewall temperatures of BF1 of Rautaruukki have shown cyclic behavior. 8, 13, 16, 17) Similar transients with falling and rising hearth plug and sidewall temperatures have been reported by other investigators. [18] [19] [20] [21] The exact reasons for these cycles are not known, but a plausible theory in the furnace studied is that triggering factors are changes in the radial distribution of the liquids entering the hearth caused by permeability changes in the coke bed (dead man). Figure 4 illustrates the evolution of the hearth volume for the region below the taphole estimated by the inverse heat transfer model. The 22 drill cores to be analyzed below were taken during this five-year period.
Classification of Hearth State
The volume depicted in Fig. 4 is non-stationary (in the long-term sense) due to the progress of the erosion of the lining, so the hearth volume values are not suitable as such for classification of the state of the hearth. Instead, the hearth volume was classified into a two-dimensional index Kϭ(K 1 , K 2 ), where K 1 and K 2 are binary variables, expressing four classes that describe the current state of permeability of the hearth. As extremes, Kϭ(0, 0) represents states were the volume is decreasing (i.e., the hearth is clogged) while Kϭ(1, 1) represents states where the volume is increasing (i.e., the hearth is "open", i.e., permeable). The intermediate states are captured by Kϭ(0, 1), which corresponds to a local maximum in the hearth volume (i.e., the hearth is clogging) and by a local minimum Kϭ(1, 0) (i.e., the hearth is "opening up"). The classification, which was done through a simple logical test on the hearth volume at the present time and the volume one week prior to and after it, is illustrated with an example in Fig. 5 . The feasible transitions between the four states have been depicted in Fig. 6. 
Modeling
The length of the core zones determined from the tuyere drillings, l i , as well as the compression, Dl, were used as independent variables in modeling the hearth state index, K. Because of the nonlinearity of the relation, feedforward neural networks of multilayer perceptron (MLP) type 22) with two outputs-one for each binary digit describing the hearth state-were used to describe the dependence. (1) as activation function in the nonlinear nodes. Since there were only 22 tuyere-drilling observations in the data set, yielding 44 residuals, it was not considered feasible to include all seven inputs in the model, so it was decided to limit the number of inputs to a maximum of three. By this measure, it is possible to follow the general guidelines in neural network modeling of restricting the number of parameters (weights and biases) to be less than 20 % of the number of residuals.
Exhaustive Search and Optimal Time Lag
The lengths were collected into three groups, reflecting the distinct role of the physical zones (cf. Fig. 1 ). The first one was the sum of lengths of bosh, flame and raceway, the second was the sum of the lengths of bird's nest, agglomerate and dead man, and the third was the difference between the drill core length and penetration depth (i.e., the compression). In order to examine if all lengths were required, all possible input configurations were evaluated. This was done using a seven digit binary coding (2) that considers all the 127 possible combinations of the inputs; the first three digits determine the components in the first input, the next three determine the second input and the last digit determines whether there is a third input or not. Thus, the input vector to the network can be written as
For instance, the coding Jϭ(1101101) means that the first input is the sum of the lengths of the bosh and flame zones, the second is the sum of the lengths of the bird's nest and iron agglomerate zones, and the third input is the core compression. Also note that the alternatives with only one or two inputs, e.g., Jϭ(0100000) or Jϭ(1000010), were also evaluated. It is likely that there is a considerable time lag between the inputs and output, K, of the system studied, caused by the dynamics of the temperatures in the hearth lining, the erosion model's lag, and also the 4-5 m distance between the tuyere level and the lower part of the hearth (for which the volume was estimated). Furthermore, there are signs in the process indicating that the changes at the thermal cycles developed downwards. This is also supported by the picture of the changes provided by the erosion model 8) (cf. small cross-sectional views in Fig. 5 ): First the buildup material on the sidewall melts and next, the skull on the hearth bottom is eroded, but simultaneously sidewall buildup starts re-forming, and the furnace hearth finally returns to its skulled state. In order to find the time lag, models with all the possible input configurations and with delays Dtϭ1, …, 14 d were entertained, i.e., K (t)ϭf(I(tϪDt)). For every lag, both linear and nonlinear models were determined. In both cases networks with 1-3 inputs were used.
In the linear case the inputs were connected directly to two linear output nodes (one for each output). In the nonlinear case, networks with two hidden sigmoid nodes and two output sigmoid nodes were trained from 50 different starting points using the MATLAB Neural Network Toolbox 23) to safeguard proper convergence. Figure 7 depicts the averages of the smallest mean square error, ......... (4) for each of the 127 possible models as a function of the time lag for both nonlinear (lower curve) and linear (upper curve) models. On the basis of these findings, it may be concluded that the nonlinear models show clearly better performance than the linear ones, and that a time lag of 8 d seems suitable. Figure 8 illustrates the point of the tuyere drillings (cross) and the points delayed by Dtϭ8 d (square, circle or asterisk depending on the classification) where the hearth state index was determined. These indexes have been inserted in the last column of Table 1 .
Detection of Optimal Inputs and Network
Connectivity Due to the low degrees of freedom in the model, the number of parameters must be kept as small as possible. This can be realized by selecting only the most important inputs and a sparse connection between them and the nodes. A neural network pruning method 24) was therefore applied. In this algorithm, a large MLP network with connections to all inputs and random lower-layer weights is gradually pruned by removing, at each iteration, the connection from an input to a hidden node which contributes least to the approximation at hand. Whenever the lowerlayer connections experience a change, the upper layer weights are determined by linear least squares; this makes the procedure robust and fast. The fact that only the upperlayer weights are determined makes the problem of over-parameterization less pronounced. Since the method is somewhat sensitive to the initial weights, it is usually advisable to start from many random starting points (i.e., weight matrices) and make a statistical evaluation of the results. 25) In order to treat the problem in the same way as in the previous subsection, an analysis with the following setup was undertaken: All the seven individual lengths (i.e., l i , iϭ1, …, 6 and Dl) as well as all the remaining combinations required to cover the cases in Eq. (3), i.e., l 1 ϩl 2 , l 1 ϩl 3 , l 2 ϩl 3 , l 1 ϩl 2 ϩl 3 , l 4 ϩl 5 , l 4 ϩl 6 , l 5 ϩl 6 and l 4 ϩl 5 ϩl 6 were used as inputs. These 15-dimensional input vectors were evaluated by the pruning method, using five hidden nodes initially in the networks. It should be noted that the number of hidden nodes decreases along with the progress of the pruning process. The algorithm was run from n tot ϭ10 000 different random initial weights matrices (for the lower layer of connections in the networks) and the input vectors that survived longest were noted. A detailed analysis of the results was undertaken with models created by the last five (kϭ5) steps of the algorithm, resulting in a total of 50 000 models. (5) where m is the number of occurrences of the input variable in question, N is the total number of inputs in the last k models of the pruning, i.e., Nϭkϩ(kϪ1)ϩ···ϩ1ϭ15. Table 2 reports the top occurrences, b, from which it may be concluded that the most important single input is the sum of lengths of the bird's nest and dead man (which appears among the five last networks in more than a fifth of the pruning runs), followed by the compression of the sample, Dl (appearing in about one seventh of the runs).
Incremental Analysis of Potential Models
The evolution of an incremental procedure, where the model complexity is gradually increased in a search for a parsimonious model, is illustrated in Table 3 , where the networks with their inputs, as well as their performance (including their approximation errors, E) are reported. Based on the analysis presented earlier, the sum of the lengths of the bird's nest and the deadman zone (Jϭ(0001010)) was selected as the initial input and a network with a single node for each output was entertained. The performance of the model (top row in Table 3 ) is seen to be poor. The second input taken into the model was the compression of the sample, Dl, i.e., Jϭ(0001011) but only a slight improvement was observed (cf. row two in the table). Including the sum of the lengths of the bosh and raceway sections, Jϭ(1011011), or the length of the flame zone, Jϭ (0101011), as the third input (since these two have almost the same occurrence in Table 2 ) considerably improves the performance (row three): The network with the flame-zone length as the third input misclassifies only two of the 22 points. Increasing the network complexity by adding a hidden layer of two nodes slightly improves the results when a sparse connectivity is used in the lower layer (row four), while the performance is further improved for the fullyconnected alternative (bottom row).
Final Model
On the basis of the above findings the final model was taken to be the one using three inputs, i.e., the length of the flame, the sum of the lengths of bird's nest and deadman, and compression of the drill core, with only two output nodes. This model (panel with solid frames in Table 3 ) has eight parameters, and is able to classify the hearth state with good accuracy. Figure 9 shows the final model and its weights. The large biases and weights imply steep transitions of the outputs in this model. The improvement in performance observed for the more complex models was not deemed sufficient considering the increased number of parameters; the last two models in Table 3 have 12 and 14 parameters respectively. Table 2 . Frequency of occurrence, b, of the input variables in the last five steps of the pruning algorithm using 10 000 runs of it from different random starting points. viewed from two different angles, where the classification boundaries (planes) created by the two sigmoid output nodes bisecting the space into four regions can be seen. The two misclassified cases, with Kϭ(1, 1) but K ϭ(0, 0), have been depicted by open circles. Additional information is presented in Fig. 11 , which depicts the hot metal carbon and sulfur content at the days of the core drill classifications. The hearth states classified as Kϭ(0, 0) clearly correspond to lower carbon and higher sulfur content for hot metal than the states classified as Kϭ(1, 1). An interesting observation, supporting the choice of model, is that one of the misclassified points (encircled in the figure) is an outlier. In order to illustrate some features of the model, Fig. 12 presents how the outputs vary with changes in the most central input, l 4 ϩl 6 . As starting points for the analysis, drillings #7 and #11 (cf. Table 1) were selected, varying l 4 ϩl 6 from the observed values, but keeping the other two inputs (l 2 and Dl) constant. In the left panel of the figure l 4 ϩl 6 is gradually decreased from 1.60 to 1.45 m, and the transition of the outputs is observed. It can be seen that the model outputs evolve from (0, 0) through (1, 0) to (1, 1), i.e., from a clogged to a permeable dead man (cf. Fig. 6 ). The right panel of Fig. 12 shows the results of gradually increasing l 4 ϩl 6 from 0.50 to 0.60 m: Here, the model outputs evolve from (1, 1) through (0, 1) to (0, 0), i.e., from a permeable to a clogged dead man.
Conclusions
The state of the lower part of the blast furnace has been assessed through tuyere core drillings by correlating the lengths of the distinct zones (bosh, raceway, bird's nest, etc.) at the tuyere level with the results of a model of the hearth of the furnace. The hearth state has been captured by an index expressing whether the dead man is in, or enters, a permeable or an impermeable state. An initial analysis revealed the presence of nonlinearities in the relation between the inputs and output, so neural networks were used as nonlinear black-box modeling tools. Due to the strongly limited data set available, special attention has been focused on finding a model with a small number of parameters; here this means a neural network with few inputs and few nodes. The results of the modeling indicate that most of the cyclic changes observed in the hearth of the furnace can be explained by the measurements at the tuyere level. This can be seen as an indication that the radial distribution of variables in the dead man, and the dead-man porosity, plays a key role in the process. The work also demonstrates how findings from the tuyere core drillings can contribute to an over-all assessment of the state of the furnace hearth. Future work will be geared towards considering the effect of blast parameters and the conditions of the individual tuyeres/raceways 3) on the hearth state.
